Abstract This paper proposes a novel high-speed visual target tracking system based on mixed rotation invariant description (MRID) and skipping searching method. MRID is a novel rotation invariant description of texture and edge information by annular histograms and dominant direction. It overcomes rotation variant and large computation issues in conventional LBP-HOG feature description. The skipping searching method used in tracking can remarkably decrease the computation time by avoiding repeated searching operations. The proposed tracking system contains an image sensor, a hierarchical vision processor and an actuator with 2 dimensions of freedom (DOF). The vision processor integrates processors with pixel-and row-level parallelism to speed up the tracking algorithm. Experiment results show that the proposed system can achieve over 1000-fps processing speed of the tracking algorithm under 750 × 480 resolution image.
Introduction
Target tracking is one of the most fundamental technologies in computer vision. Many tracking systems have been designed for various applications such as industrial automation, autonomous robot navigation, intelligent video surveillance, activity analysis, classification and recognition from motion, and humancomputer interfaces [1, 2] . However, the respond speed of conventional tracking system is limited to less than 60 fps due to serial image processing. Some researchers adopt parallel single-instruction-multipledata (SIMD) processors to speed up tracking algorithms [3] [4] [5] [6] [7] . However, these processors are still unable to meet the needs of high-speed target tracking applications because they can only implement straightforward low-level and some simple middle-level image processing algorithms such as background subtraction, segmentation and motion detection.
In many applications such as robot navigation and automatic drive, the target moves at high speed in complex environment. In order to tracking a moving target constantly, not only real-time processing capacity but also robust algorithms are required. Image processing algorithms such as optical flow, self-window and moment tracking have been implemented on high-speed vision systems to realize fast tracking functions [8] [9] [10] . However, most of them can only be applied to certain scenarios with a clear background or constant illumination. Some other algorithms such as compressive tracking and trackinglearning-detection have better performance in robustness; however, their computation overhead constrains their real-time performance [11, 12] . Local binary pattern (LBP)-histogram of gradient (HOG) feature description is widely used in target detection and tracking [13, 14] . However, both of the HOG and LBP histogram are rotation variant. Hence, it would result in target shifting and tracking failing when the target moves in a complicated environment or rotates suddenly.
In this paper, we propose a mixed rotation invariant description (MRID) and skipping searching based tracking algorithm and a novel high-speed visual target tracking system. This MRID is invariant to rotation and illumination changes so that it achieves more robust tracking than previously reported fast tracking algorithms. The skipping searching method can remarkably decrease the computation time, because it avoids the repeated searching operations during tracking. The proposed tracking system contains an image sensor, a hierarchical vision processor and an actuator. The vision processor integrates processors with pixel-and row-level parallelism to speed up the tracking algorithm. The system with hierarchical parallelism can achieve a system performance of over 1000-fps processing speed in complex scenes.
The rest of the paper is organized as follows. Section 2 describes the MRID and the corresponding tracking algorithm. In section 3, the proposed vision processor is introduced. Section 4 presents the implementation of our tracking system. Section 5 illustrates the experiment results and correlative analysis. Finally section 6 concludes this paper.
2 High-speed MRID tracking with skipping searching This paper proposes a novel MRID feature description and the corresponding tracking algorithm with skipping searching. These increase the robustness of the tracking system and decrease the computation time to achieve reliable high-speed target tracking. The MRID description and the tracking algorithm are presented in the following parts.
MRID description
LBP-HOG is a very efficient local feature description. It has been used in various applications such as pedestrian detection and tracking. However, both of the HOG and LBP histogram are rotation variant. When the target suffers from complicated motion and sudden rotation, LBP-HOG description will degenerate and even cease to be effective. The proposed MRID description adopts mixed annular LBP histogram and annular gradient histogram with a dominant direction to describe the texture and edge information of target, as shown in Figure 1 . It is a novel rotation invariant description. T , respectively. The magnitude (r ) and orientation (φ) of gradient are calculated as (1) .
However, this conventional gradient calculation limits processing speed greatly because it involves some costly operations such as square, division, and arctangent. To speed up the calculation, the magnitude (r ) and orientation (φ) are simplified as (2) .
5, ∇x < 0, ∇y < 0, |∇x| |∇y|;
6, ∇x 0, ∇y < 0, |∇x| < |∇y|;
7, ∇x > 0, ∇y < 0, |∇x| |∇y|.
The magnitude is calculated by the sum of the absolute value. The orientation is divided into 8 bins with the range of 45
• . Three boundary conditions are used to decide which bin the orientation belongs to, as shown in Figure 2 .
In step 2, the histogram of orientation φ ′ in the target window is obtained and the highest peak is detected as the dominant direction of the target. Compared with conventional cellular histogram, the target window is a circular patch instead of rectangle region. In step 3, the circular target region is subdivided into annular spatial bins (shown in Figure 3 ) to improve distinctiveness while maintaining rotation invariance. Assuming that the diameter of object region is N 1 pixels, the region is divided into M 1 annulus. The orientation histograms of these M 1 annulus are concatenated and the order of bins is adjusted according to the dominant direction in step 4.
In annular LBP histogram (process B), at first (step 5) the uniform LBP of each pixel is calculated as (3) descripted in [15] .
where
g c corresponds to the grayscale value of the central pixel and g i (i = 0, ..., p−1)corresponds to the grayscale values of p pixels equally lied on a circle of radius R that form a circularly symmetric neighbor set. Then the LBP histogram of the annular object window is obtained in step 6. At last, the annular LBP histogram and annular gradient histogram with a dominant direction are concatenated to form a rotation invariant feature of the object. Compared with conventional LBP-HOG feature, MRID overcomes rotation variant and large computation issues. Figure 4 shows the flow chart of the tracking algorithm based on the MRID feature and skipping searching. It mainly contains operations such as noise suppression, MRID feature extraction, skipping searching, Adaboost classification and target capture. The details are explained below.
Tracking algorithm
Skipping searching: In high speed tracking system, the difference between two successive frames will be limited to several pixels, and the speed of the target will not change abruptly. Hence, the search windows are surrounding the location of target center, as shown in Figure 4 . In conventional tracking algorithms shown in Figure 5 (a), the position (Sx i,j , Sy k,j ) of center of search window in j -th frame can be presented as (4) . where (x j−1 , y j−1 ) is the position of the target center in j -1st frame (red star in Figure 5 (a)), the max displacement of the target between two successive frames are dx and dy pixels in horizontal and vertical directions, respectively. The searching region (the region which contains centers of all the search windows) in j -th frame is shown as the yellow region in Figure 5 (a). It insures to capture the target by searching every possible position and costs (2 × dx + 1) × (2 × dy + 1) searching time. However, it brings in great computation redundancy and limits tracking speed.
In our skipping searching method shown in Figure 5 (b), searching computation time is greatly compressed by considering motion information. Different searching granularity is adopted for different positions: positions with larger possibility (near the predicted position) to be the target are assigned with fine granularity; positions with less possibility (far from the predicted position) are with coarse granularity. The position of center of search window (Sx i,j , Sy k,j ) in j -th frame is presented in (5),
where α = sk1×sk2 sk1−sk2 , β = − sk2 sk1−sk2 , sk 1 and sk 2 are two skipping factors, sk1 > sk2 > 1,
0, else;
0, else, sk1 controls the searching region of fine granularity; sk 2 represents the compressing factor of the whole skipping searching. The bigger sk 1 and sk 2 are, the coarser the searching granularity is. Compared to conventional searching method, the search region in our method (shown in Figure 5 (b)) is much sparser; it decreases the computation time by an order of O(sk2 2 ) with little loss of searching accuracy.
MRID feature extraction: The MRID of search window is extracted to form a global feature of the target. This feature vector represents edges, texture and spatial information of the target.
Adaboost classification: The MRID is classified by the adaboost classifier [16] . It combines K weak classifiers l(i) with a specific weight α(i) to form a strong classifier as shown in (6) .
−1, otherwise. The weak classifier l(i) consists of a feature MRID(i) which corresponds to a single MRID histogram bin and a threshold vector T (i) corresponding to MRID(i). Both α(i) and T (i) are obtained with adaboost training algorithm [16] . The value C of search window shows the classification result: target or not. If C is larger, the search window is more likely to be the target.
Target capture and motor tracking: Then the search window with the largest C is updated as the target window during tracking. Then directions and angles for motor rotation are calculated according to the position of the target. Then the processor sends control pulse to motors and makes the camera gaze at the target.
Hierarchical parallel vision processor
In this section, the proposed processor is introduced. It is motivated by the modern visual target tracking pipeline. In this pipeline, the image sensor captures the image of the targets at high speed. The processor suppresses the image noise first, then searches the target by the skipping searching method and extracts its feature, and finally controls the actuator to track the target.
The proposed vision processor is shown in Figure 6 . It contains an M × M processing element (PE) array, an M ×1 row processor (RP) array, a dual-core MPU (Microprocessor Unit) and a motor controller. The pixel-parallel PE array and row-parallel RP array can speed up low-level and middle-level image processing operations by O(M 2 ) and O(M ), respectively. Each PE consists of a piece of local memory, a temporary register, several multiplexers and a 1-bit ALU performing operations such as and, or, addition, and inversion. RP consists of a local memory, a register file, some multiplexers, and an 8-bit ALU. The ALU can carry out operations such as max/min selection, absolute value calculation, subtraction and addition.
Compared with previous SIMD processors [17] [18] [19] [20] [21] , this processor improves its flexibility with little circuit cost. For some operations such as annular histogram calculation, SIMD manner will result in inefficiency and even errors (For example, a rectangle histogram instead of an annular histogram is calculated because all the PE/RP work simultaneously). Multiple-instruction-multiple-data (MIMD) is a solution but it costs a lot. In the proposed processor, there is an "active flag" (rectangle in Figure 6 ) in each PE and RP. The PE/RP works only when the active flag equals to 1 (presented as the red PE and RP in Figure 6 ). This flag can be set by instructions in prior or calculated during tracking. This design only costs several additional logic gates compared with SIMD processors but it achieves better flexibility than the original processor. 
System implementation
The tracking algorithm is implemented on a high-speed target tracking system, as shown in Figure 7 . The used CMOS image sensor is a global shutter image sensor with a resolution of 750 × 480. In target tracking applications, valuable target region is about hundreds to thousands pixels and most of the other pixels are useless background. So only the 256 × 256 pixels region-of-interest (ROI) is transmitted to the processor to reduce bandwidth overhead. The vision processor and other necessary blocks were implemented on an ArriaV FPGA device. The information about consumed FPGA hardware resource is listed in Table 1 . In this prototype, it consists of a 128 × 128 PE array, a 128 RP array and an MPU; the operating frequency is 100 MHz. The FPGA device is linked to a personal computer (PC) through the Ethernet interface. Instructions for hierarchical parallel processor were first developed and compiled on PC, and then sent to memories on FPGA device. The PC was also responsible for video monitor during test.
The main parameters of tracking algorithm are shown in Table 2 . The choice of parameter affects both the tracking accuracy and computational complexity. It is a trade-off. Based on our experiment in both video sequences and real sceneries, this parameter configuration can result in satisfying tracking. The noise suppression, gradient and LBP calculation operations can be carried out by PE. RP can extract histogram and calculate the classifier C. The MPU captures the target position and controls the motors tracking. Table 3 shows the execution time of some kernel functions of the algorithm. The LBP was calculated within 400 instruction cycles. The classification calculation cost 134 instruction cycles. It takes 300 instruction cycles to control the actuator. The breakdown of time for the proposed vision processor performing the tracking algorithm is 792 µs (1260 fps).
Experiment results
This section presents the system performances of the target tracking system mentioned in the previous section.
Firstly, experiments were carried out to evaluate the basic performance of the tracking algorithm. The MRID histograms of a jeep model with different angles are obtained. Thanks to the rotation invariant feature, these vectors are the same, as shown in Figure 8 . Then we evaluate our tracking algorithm on some challenging sequences which are publicly available. Some screenshots of the tracking result are shown in Figure 9 . The red circles present the targets position. It can be seen that our tracking algorithm achieves satisfying performance in most sequences, even with complicated motion and large degrees of rotation. Furthermore, our tracker runs fast with the help of our vision processor.
Next, we made some experiments of mechanical tracking of a moving car and human hand obtained by controlling the 2 DOF actuator. Constrained by the limited experimental space, it is difficult to track real vehicle with our system. So we used models to estimate our tracking systems. Figure 10 shows the environment setup for the experiment. Figures 11 and 12 show the result of the target tracking. The actuator tracks the target at the center of view, as shown in the photos. Figures 11(d) and 12(d) show the x and y coordinate valves of its center positions during tracking. It can be seen that the center position of the target image was always controlled around the center of the camera view. The small deviations were mainly caused by the The experiment results indicate that the system can achieve successful tracking even if the target moves fast and irregularly. Table 4 shows a comparison with previously reported tracking systems. In [21] color images are used to achieve an extremely fast tracking, they adopt several thresholds to convert a HSV (Hue Saturation Value) image to a binary image. This method will lose the target when the color of background and target are similar. In [13, 14, 21] , a LBP and LBP-HOG based tracking algorithm is implemented. They are more robust in environments with complex background and changing illumination. However, both of them use cellular histogram and neither is rotation invariant. This will result in failure when tracking objects with sudden rotation. Our proposed tracking algorithm adopts a robust MRID feature which can work in a more complex environment with large degrees of rotation and abrupt motion. Furthermore, the hierarchical processor is more flexible than original SIMD processor and it greatly enhances the speed of our tracking algorithm to over 1000-fps.
Conclusion
In this paper, a high-speed tracking system with MRID target tracking algorithm was proposed. It consists of an image sensor, a parallel vision processor and an actuator to realize high-speed tracking. The vision processor integrates hierarchical processors to speed up operations from local descriptor calculation to target capture during tracking. The tracking algorithm with MRID and skipping searching was proposed. Compared with conventional LBP-HOG feature, MRID overcomes rotation variant and large computation issues. Skipping searching remarkably decrease the computation by avoiding the repeated searching operations. This tracking algorithm can be carried out on the system within 1ms. The efficacy of our proposed system was verified in the real-time experiment for tracking a fast moving target under complex conditions.
